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Abstract
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Quickest change detection (QCD) aims to minimize the detection delay of an abrupt change in
probability distributions of a random process, subject to certain performance constraints such as the
probability of false alarm (PFA). It has a wide range of applications, such as wireless network data
analysis, intrusion detection, anomaly detection, quality control, financial market analysis and medical
diagnosis, etc. In this talk I will first give an overview of existing quickest change detection algorithms
and discuss some of our recent results. Then I will present the application of QCD on the detection of
bearing faults of wind turbines (WT). The QCD algorithm is developed by analyzing the statistical
behaviors of stator currents generated by the WTs. It is discovered that, at a given frequency, the
amplitude of stator current follows the Gamma distribution, and the presence of fault will affect the
parameters of the Gamma distribution. Since the signature of a fault can appear in one of multiple
possible frequencies, we need to monitor the signals on multiple frequencies simultaneously, and each
possible frequency is denoted as a candidate. Based on the unique properties of WT bearing faults, we
propose a new multi-candidate QCD (MC-QCD) algorithm that can combine the statistics of signals
from multiple candidate frequencies. The new algorithm does not require a separate training phase, and
it can be directly applied to the stator current data and perform online detection of various possible
bearing faults. The theoretical performance of the proposed algorithm is analytically identified in the
form of upper bounds of the PFA and average detection delay (ADD).

Index Terms: Quickest change detection (QCD), wind turbines (WT), Change point detection
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OUTLINE

• Change point detection
– Introduction
– Bayesian change detection
– Minmax change detection
– Impact of model mismatch of post-change distribution

• Quickest detection of wind turbine bearing faults
– Data collection
– Feature extraction
– Statistical analysis of feature vector
– Quickest fault detection
– Simulation and Experiment Results

• Conclusions



CHANGE POINT DETECTION

• Change detection (or, change point detection，CPD)
– Detect an abrupt change in a stochastic process
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Change point

The change can be due to a change in amplitude, mean, variance, or distribution, etc.

time
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CHANGE POINT DETECTION

• Applications:
– Finance

• stock market change from a bull market to a bear market
– Wireless network

• User behavior and traffic statistics change over time
– Surveillance

• target detection (change from no target to the presence of 
target)

– Intrusion detection 
• before intrusion, the data follows a certain probability 

distribution
• After intrusion, the data follows a different distribution

– Fault detection or anomaly detection
• Normal data follows a certain distribution
• Abnormal data follows a different distribution
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CHANGE POINT DETECTION

• Two types of change point detection
– Offline detection

• A sequence of data has been collected before hand
• Find the change point somewhere in the data sequence

– Online detection
• The data are collected sequentially as time goes on.
• New data are used to update certain test statistics
• Use test statistics to determine whether a change has occurred

14



CHANGE POINT DETECTION

• Tradeoff in online change detection
– Probability of false alarm (PFA): the probability that the true 

change point occurs after the detected change point

– Detection delay (DD): once the change point happens, how much 
longer it takes to identify the change point

– E.g. if we never detect the change point, then PFA = 0 and DD is 
infinity
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CHANGE POINT DETECTION

• Preliminaries
– Consider a random process:
– There is an unknown change point:

– The change point     is random
• Prior distribution of the change point

16Change point



CHANGE POINT DETECTION

• Metrics: for a given detection procedure  

– Probability of false alarm (PFA)

– Average detection delay (ADD)
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CHANGE POINT DETECTION

• Problem formulation
– Find the detection procedure

• Minimize: 

Subject to:   

18



CHANGE POINT DETECTION

• Cumulative sum (CUSUM) Procedure

– Where 

19

E. S. Page, “Continuous inspection schemes,” Biometrika, vol. 41, 
pp. 100-115, 1954.



CHANGE POINT DETECTION

• Shiryaev-Roberts Procedure

– Where 

20

S. W. Roberts, “A comparison of some control chart procedures,” 
Technometrics, vol. 8, pp. 411-430, 1966.



CHANGE POINT DETECTION

• Performance comparisons
– Shiryaev procedure (Bayesian detection)

– CUSUM and Shiryaev-Roberts Procedure (Minmax criterion)

21

A. G. Tartakovsky, and V. V. Veeravalli, “General asymptotic Bayesian theory of quickest 
change detection,” Theory Probab. Appl., vol. 49, pp. 458-497, 2005.



CHANGE POINT DETECTION

• Mismatched post-change model
– It is usually difficult to get an accurate estimate of the post-change 

distribution
– Assume:

true model after change: 
estimated model after change:

– The Kullback-Leibler divergence between true and estimated 
models:
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CHANGE POINT DETECTION

• CUSUM Procedure with mismatched post-change model

– where
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CHANGE POINT DETECTION

• Lemma 1
– The PFA of the CUSUM procedure with mismatched model is 

upper bounded by
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The mismatched post-change model will not affect the PFA upper bound!



CHANGE POINT DETECTION

• Theorem 1
– If                                                         , let                      As   
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CHANGE POINT DETECTION

• Theorem 2
– If                                                         . Let                             , then  
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CHANGE POINT DETECTION

Data: two-dimensional 
multivariate Gaussian with 
zero-mean and covariance 
matrix

Before change:
After change:  
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OUTLINE

• Change point detection
– Introduction
– Bayesian change detection
– Minmax change detection
– Impact of model mismatch of post-change distribution

• Quickest detection of wind turbine bearing faults
– Data collection
– Feature extraction
– Statistical analysis of feature vector
– Quickest fault detection
– Simulation and Experiment Results

• Conclusions



WIND TURBINE BEARING FAULT

• Direct drive wind turbine

29

B. Courtice, “Rare earth magnets: not all new turbines are
using them.”, http://yes2renewables.org/2012/03/06/rare-earth-magnets-not-all-new-
turbines-are-using-them/, 2012. Online; 



WIND TURBINE BEARING FAULT

• Bearing faults
– Bearing: the part that connects the blade shaft and generator
– Outer bearing fault: 

– Inner bearing fault: 

30
X. Gong and W. Qiao, “Current-based mechanical fault detection for direct-drive wind tur-

bines via synchronous sampling and impulse detection,” IEEE Trans. Industrial Electron.
vol. 62, no. 3, pp. 1693-1702, 2015



WIND TURBINE BEARING FAULT

• Bearing faults
– Ball fault
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WIND TURBINE BEARING FAULTS

• Bearing faults feature frequencies
– Bearing faults introduce harmonics at different frequencies in the 

stator currents
– Frequencies due to various types of bearing faults

32



WIND TURBINE BEARING FAULTS

• Experiment setup

33
Wind tunnel with wind turbine under testing Data acquisition system



WIND TURBINE BEARING FAULTS

• Experiment setup
– Lubricant on bearing was removed to accelerate degradation
– One of the two bearings was removed to simulate eccentricity
– Wind speed: 0 – 10 m/s
– Sampling frequency: 10 KHz
– Stator current was recorded in 100 second bursts every 20 minutes
– Wind turbine stops rotating after 25 hours

34Bearing before and after the testing



WIND TURBINE BEARING FAULTS

• Data preprocessing:
– 1. Synchronous resampling
– 2. Frequency domain feature extraction
– 3. Energy normalization

35



WIND TURBINE BEARING FAULTS

• Preprocessing: Synchronous resampling

36

Spectrogram before and after synchronous resampling



WIND TURBINE BEARING FAULTS

• Feature vector in the frequency domain

– The time is divided into frames, n is the index of frame
– Each element in the feature vector is the amplitude of the stator 

current at a given frequency. 

– E.g.              is the amplitude of the current on the j-th frequency 
and in the n-th frame
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STATISTICAL ANALYSIS

• Statistical modeling
– It is found that the distribution of samples on a given frequency,  

can be modeled by the Gamma distribution
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STATISTICAL ANALYSIS
• Parameter estimation

– Use a sliding window to estimate the parameters of the j-th 
element at the n-th frame

– Assumption: when fault is NOT present, the data at different 
frequencies are i.i.d.
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HYPOTHESIS FORMULATION

• Hypothesis

– Since the power is normalized,

• Parameter estimation before change point

– Since the fault will be at one frequency at most. Even if the fault is 
present, it will have very small impact on the estimation of 
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QUICKEST FAULT DETECTION

• Challenge:
– The feature vector                                                      has dimension 

w
– Each dimension represents a frequency
– The fault will happen in only one frequency
– Each frequency is a candidate for faults, and there are multiple 

candidates

• Solution: Multi-candidate quickest detection

41



QUICKEST FAULT DETECTION 

• Definition: Multi-candidate quickest detection
– The detection procedure is

• Where
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QUICKEST FAULT DETECTION

• Theorem 1
– Assume the elements in the feature vector are independent. The 

probability of false alarm of the multi-candidate test procedure is 
upper bounded by

• Where                                is the prior mean of the change point 
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QUICKEST FAULT DETECTION

• Theorem 2
– Assume the elements in the feature vector are independent, and the 

frames are independent in time. Let PFA <        As  
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EXPERIMENT RESULTS
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EXPERIMENT RESULTS
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EXPERIMENT RESULTS
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CONCLUSIONS

• Quickest change detection aims at minimizing the 
detection delay subject to certain contstraints, such as PFA.
– Bayesian detection: Shiryaev procedure
– Minmax detection: CUSUM procedure, Shiryaev-Roberts 

procedure

• Identified the performance of CUSUM with mismatched 
post-change modes
– The PFA upper bound is not affected .
– The asymptotic ADD upper bound becomes larger. 

• Quickest detection of bearing fault of wind turbine
– Proposed a new multi-candidate quickest change detection (MC-

QCD) procedure
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